Abstract: Steady-state and dynamic flux balance analysis (DFBA) was used to investigate the effects of metabolic model complexity and parameters on ethanol production predictions for wild-type and engineered Saccharomyces cerevisiae. Three metabolic network models ranging from a single compartment representation of metabolism to a genome-scale reconstruction with seven compartments and detailed charge balancing were studied. Steady-state analysis showed that the models generated similar wild-type predictions for the biomass and ethanol yields, but for ten engineered strains the seven compartment model produced smaller ethanol yield enhancements. Simplification of the seven compartment model to two intracellular compartments produced increased ethanol yields, suggesting that reaction localisation had an impact on mutant phenotype predictions. Further analysis with the seven compartment model demonstrated that steady-state predictions can be sensitive to intracellular model parameters, with the biomass yield exhibiting high sensitivity to ATP utilisation parameters and the biomass composition. The incorporation of gene expression data through the zeroing of metabolic reactions associated with unexpressed genes was shown to produce negligible changes in steady-state predictions when the oxygen uptake rate was suitably constrained. Dynamic extensions of the single and seven compartment models were developed through the addition of glucose and oxygen uptake expressions and transient extracellular balances. While the dynamic models produced similar predictions of the optimal batch ethanol productivity for the wild type, the single compartment model produced significantly different predictions for four implementable gene insertions. A combined deletion/overexpression/insertion mutant with improved ethanol productivity capabilities was computationally identified by dynamically screening multiple combinations of the ten metabolic engineering strategies. The authors concluded that extensive compartmentalisation and detailed charge balancing can be important for reliably screening metabolic engineering strategies that rely on modification of the global redox balance and that DFBA offers the potential to identify novel mutants for enhanced metabolite production in batch and fed-batch cultures.
Introduction
Genome-scale models of cellular metabolism [1] have enabled the development of computational frameworks for the analysis and design of complex metabolic networks. Flux balance analysis (FBA) and linear programming allow underdetermined stoichiometric models to be resolved under the assumption of a cellular objective such as growth rate maximisation [2] . In addition to characterising metabolic capabilities of the wild type, FBA has been extensively used to identify gene deletion and insertion mutants for metabolite overproduction [3 -5] . Despite the trend to develop increasingly detailed metabolic reconstructions, few studies actually focus on the relationship between model complexity and predictive capability. Moreover, investigators often claim that intracellular model parameters associated with the biomass energy requirement, non-growth associated maintenance and biomass composition have little effect on model predictions without presenting any quantitative results on their effects. A well documented weakness of FBA is the difficulty associated with incorporating cellular regulation into the metabolic description. Several studies have shown that model predictions can be substantially changed by incorporating gene expression data through the elimination of reactions associated with non-expressed genes [6, 7] .
FBA assumes time-invariant extracellular conditions and generates steady-state predictions consistent with continuous culture. However, large-scale production of metabolic products is often achieved in batch and fed-batch culture. Dynamic flux balance models are obtained by combining stoichiometric equations for intracellular metabolism with dynamic mass balances on key extracellular substrates and products assuming fast intracellular dynamics [8] [9] [10] [11] [12] . The intracellular and extracellular descriptions are coupled through the cellular growth rate and substrate uptake kinetics. Dynamic flux balance analysis (DFBA) offers the possibility of formulating substrate uptake kinetics to account for known regulatory processes. DFBA has been primarily used to generate dynamic predictions of substrate, biomass and product concentrations for wild type growth in batch culture. Our previous research has shown the utility of yeast dynamic flux balance models for optimisation of fed-batch operating strategies [12] and identification of ethanol overproduction mutants [13] . The latter study was limited to the screening of single gene deletions and insertions even though combined strategies offer the potential for superior performance. Although we used different models for cellular and process optimisation in these two studies, the effect of model complexity on predicted wild type and mutant behaviour has not been systematically evaluated.
The objective of the present study was to investigate the effects of metabolic model complexity and parameters on ethanol production predictions for wild type and engineered Saccharomyces cerevisiae. We utilised FBA and DFBA to compare predictions from a small set of metabolic models to quantitatively access the impact of the following factors: † Model complexity ranging from a lumped single compartment representation of glucose metabolism [14] to a genome-scale reconstruction with seven intracellular compartments and detailed charge balancing [15] . † Variations of intracellular model parameters representing the biomass energy requirement, non-growth associated maintenance and biomass composition. † Incorporation of gene regulation data from aerobic batch and anaerobic chemostat experiments [7] . † Strategies for in silio identification of novel ethanol overproduction mutants by screening combinations of ten previously suggested strategies [3] .
While this study is limited to yeast -ethanol production, we believe that that the results provide general insight into the formulation and analysis of metabolic models for characterising wild type behaviour and identifying overproduction mutants.
Model formulation

Intracellular model
Three intracellular S. cerevisiae metabolic network models were considered in this study: a small-scale model [14, 16] , the first generation iFF708 genome-scale model [17] and the second generation iND750 genome-scale model [15] . We refer to the small-scale model as iGH99 with the capital letters 'GH' denoting the last names of the primary authors and the number '99' referring to the number of intracellular reactions rather than the number of genereaction associations as used in the genome-scale models. We also constructed a decompartmentalised version of the iND750 model to assess the effect of reaction localisation on model predictions. The development of this decompartmentalised model referred to as iJH732 is explained below. The general characteristics of each intracellular model are summarised in Table 1 . The number of fluxes reported for each model includes both the number The iGH99 model has only a single intracellular compartment and accounts for a comparatively small number of metabolites. Because the iGH99 model does not explicitly account for genes, we manually analysed the reaction set to establish the gene-reaction associations necessary to implement metabolic engineering strategies. In addition to dividing the intracellular reactions between the cytosol and mitochondria and including gene-reaction associations, the first generation iFF708 genome-scale model contains a much more extensive list of reactions. The primary enhancements in the second generation iND750 genome-scale model are more extensive, and the reaction localisation through inclusion of cytosol, mitochondria, peroxisome, nucleus, endoplasmic reticulum, Golgi apparatus and vacuole, includes detailed charge balancing, and full elemental mass balancing with respect to carbon and hydrogen.
Direct comparisons of iFF708 and iND750 model predictions were complicated by differences in both reaction localisation and charge balancing. In an attempt to isolate these effects, the iND750 model was decompartmentalised to have the same intracellular compartments (cytosol and mitochondria) as the iFF708 model to produce a new model iJH732. Decompartmentalisation was performed by moving all iND750 reactions in the other compartments (golgi apparatus, nucleus, endoplasmic reticulum, vacuole and peroxisome) to the cytosol and by deleting all transport reactions between these compartments and the cytosol. A transport reaction was considered to be any reaction that involved species from both the cytosol and one of the eliminated compartments. While most of the deleted reactions involved simple transport of a species between compartments, a few transport reactions also involved chemical conversion. One such transport reaction catalysed by dolichylphosphate d-mannosyltransferase was inserted into the cytosol because the reaction product was essential for production of the biomass precursor mannose. Twenty-seven reactions in the other compartments that were already present in the cytosol also were discarded. The number of genes listed for the iJH732 model (Table 1) was determined by eliminating genes associated solely with reactions removed from the iND750 network. The total number of metabolites decreased because some metabolites in the removed compartments were already present in the cytosol of the iND750 network.
The linear program (LP) used to resolve the underdetermined flux balance models was formulated as
where A is the stoichiometric matrix for the metabolic network, v is a vector of reaction and exchange fluxes and v max and v min are vectors of upper and lower flux bounds, respectively. The cellular growth rate (m) was calculated from the fluxes producing biomass precursors with the weights (w) determined from the amount of each precursor necessary for biomass formation. Each intracellular model included an artificial biomass formation reaction in which the reactants are the biomass precursors and the flux represents the cellular growth rate.
While stoichiometric coefficients are fixed by the biochemical reactions, the intracellular models have several adjustable parameters associated with cellular energetics and the biomass composition. These parameters include cellular energy requirements in the form of growth and non-growth associated maintenance. The small-scale model iGH99 does not distinguish between the two types of maintenance and has a single lumped parameter in the biomass formation flux. The genome-scale models iFF708, iJH732 and iND750 account for non-growth associated maintenance with a separate flux where the upper and lower bounds of the flux are fixed at identical values (mmol ATP/gdw/h). Lumped maintenance in the small-scale model and growth associated maintenance in the genomescale models were specified by adjusting the stoichiometry of ATP consumption in the biomass formation flux. In the original studies, the energy related parameters for each model were determined for a single metabolic state and then assumed to remain constant under different conditions. The biomass composition parameters (w) determine the relative contribution of each precursor to the biomass formation rate (m). Despite large differences in their metabolic descriptions, all three models utilise roughly the same level of detail for the biomass precursors. In the original studies for iGH99 and iFF708, the biomass composition parameters were determined for a particular metabolic state and then assumed to remain constant. The second generation genome-scale iND750 model utilises the same biomass composition as iFF708. While metabolic models are formulated and analysed under the assumption of constant biomass composition, continuous culture experiments with S. cerevisiae have shown that the relative contributions of proteins and carbohydrates to the biomass composition change significantly with varying dilution rate [18] . Known variations in biomass composition at different culture conditions can be incorporated by manipulating the stoichiometric coefficients of the precursors in the biomass formation rate. The precursor coefficients must be collectively adjusted so that the total biomass is conserved.
Dynamic model
A limitation of the steady-state flux balance models described in the previous section is their inability to account for dynamic and non-balanced growth conditions encountered in batch and fed-batch cell culture. [8, 9, 12] . In this study, we developed a dynamic flux balance model for combined aerobic and anaerobic batch growth of S. cerevisiae. The model consisted of intracellular steady-state mass balances and dynamic extracellular mass balances coupled through kinetic uptake expressions for glucose (v g ) and oxygen (v o )
where G, E and O are the glucose, ethanol and dissolved oxygen concentrations, respectively, K g and K o are saturation constants, v gm and v om are maximum uptake rates and K ie is an inhibition constant. The glucose uptake rate follows Michaelis -Menten kinetics with an additional regulatory term to capture growth rate suppression due to high ethanol concentrations [10] . Ethanol uptake was excluded from the model because ethanol consumption is oxidative and only experimentally observed when glucose is nearly exhausted [19] , conditions not observed in our simulations.
The dissolved oxygen concentration was treated as an independent variable under the assumption that it could be regulated by a suitably designed feedback controller. This simplification was deemed reasonable because anaerobic conditions were used to promote ethanol production during later stages of the batch when high cell densities might limit oxygen mass transfer. Consequently, extracellular oxygen balances were omitted and the dissolved oxygen concentration was simply represented as the percent of saturation: DO ¼ O=O sat , where O sat is the saturation concentration. This relation can be directly substituted into (3) to yield
The dynamic mass balances on the extracellular environment were posed as
where X is the biomass concentration and Y is the glycerol concentration. The growth rate (m), the ethanol exchange flux (v e ) and the glycerol exchange flux (v y ) were resolved by solution of the intracellular flux balance model.
Nominal parameter values for batch simulations are listed in Table 2 . Parameter values for the maximum specific uptake rates (v gm and v om ) and the saturation constants (K g and K o ) were based on experimental estimates. The saturation oxygen concentration (O sat ) was determined using Henry's law at 30 8C and 0.21 atm oxygen. The inhibition constant (K ie ) was chosen to give reasonable model predictions, and the initial biomass, glucose and ethanol concentrations (X 0 , G 0 , E 0 ) were selected to be representative of experimental batch cultures.
Steady-state analysis of ethanol production
The three intracellular models were used to analyse predicted steady-state ethanol production for anaerobic growth on glucose in continuous culture. The optimisation problem (1) was solved using the MATLAB interface to the LP code MOSEK. A possible problem with FBA is the presence of multiple optimal solutions, which implies the existence of an infinite number of different flux distributions that produce the same optimal biomass formation rate [20] . Multiple optimal solutions with respect to the ethanol secretion rate were handled by first solving the LP for maximum biomass, and then by fixing the biomass at this maximum value and resolving the LP for maximum ethanol secretion. This approach allowed variability in the ethanol production rate as a result of multiple optima to be eliminated by selecting the theoretical maximum ethanol production with respect to maximised cell growth.
Effect of model complexity
A comparison of steady-state FBA predictions from the small-scale (iGH99), the first generation genome-scale www.ietdl.org (iFF708) and the second generation genome-scale (iND750) S. cerevisiae metabolic network models is presented in Table 3 . Ethanol, glycerol and biomass yield predictions for the wild type and ten previously identified mutants [3] Only four mutants could be evaluated with the iGH99 model due to the lack of the necessary gene-reaction associations. We attempted to reproduce previously published results [3] for the iFF708 model using the most recent version of the model available at http:// www.cmb.dtu.dk/models.aspx. We were not able to reproduce wild-type or mutant predictions, most likely due to undocumented differences between the iFF708 models used in the two studies. Therefore Table 3 contained results taken directly from the original study [3] .
The three models produced reasonably close wild-type predictions, with 10% differences in the biomass and ethanol yields. Much larger differences were observed in the glycerol yields, especially between the iND750 and iGH99 models. Mutant glycerol predictions for the iND750 model differed from values previously reported in Hjersted et al. [21] due to the selection of different alternative optima. In this study, we used the alternative optima with maximum glycerol production with respect to optimal ethanol production and growth. For each mutant, the optimum was found by fixing the ethanol and growth fluxes at their maximum values and resolving the LP for maximum glycerol secretion. The four mutant predictions obtained with the iGH99 model appeared to be quite unreliable when compared to the corresponding results for the iFF708 and iND750 models, demonstrating that the additional complexity of genome-scale models produced significant differences in phenotypic predictions. The iFF708 model consistently produced larger ethanol yield increases for the ten mutants as compared to the iND750 model, while no discernable trend was observed for the biomass yield. Experimental evaluation of the R01058 strategy ( gapN insertion) produced a 2.4% ethanol yield increase and 3.0% biomass yield increase compared to the wild type [3] . The iND750 model produced closer agreement with this data. The highly compartmentalised iND750 model was expected to be particularly sensitive to charge balancing since hydrogen ion balances in each compartment as well as in the entire cell must be satisfied [15] . In an attempt to evaluate the impact of charge balancing, metabolites in the small-scale iGH99 model were mapped to species in the genome-scale iND750 model and then the iGH99 model was charged balanced. The charge balancing was performed according to the procedure outlined in Hjersted et al. [21] . The iGH99 model was found to have an almost fully satisfied charge balance as only three reactions required modification by adjusting hydrogen ion stoichiometry to simultaneously satisfy charge and elemental balances. The incorporation of these balanced reactions into the iGH99 model was found to have no effect on the wild type and mutant predictions in Table 3 , presumably because the newly balanced reactions involved small fluxes that negligibly affected the global redox balance. However, the iGH99 model was found to be potentially sensitive to the insertion of reactions with charge imbalances. The effect of such charge imbalances was evaluated by direct incorporation of the eight inserted reactions as listed in the original reference [3] , whereas balanced reactions as reported in Hjersted et al. [21] were used to generate Table 3 . The R01058 and R00365 insertions showed no sensitivity to proper charge balancing, but the R0012 prediction changed slightly and the R00105 insertion was predicted to produce no ethanol increase compared to the wild type.
We constructed the decompartmentalised model iJH732 to have limited reaction localisation similar to the iFF708 model and detailed charge balancing similar to the iND750 model. Table 4 contains a comparison of the ethanol and biomass yields obtained with the three models. For the wild type, the iJH732 and iND750 models produced similar predictions while the iFF708 model produced a smaller ethanol yield and a larger biomass yield. The results suggest that wildtype
Sensitivity of FBA predictions to intracellular parameters
We utilised the iND750 model to evaluate the sensitivity of wild-type predictions to adjustable intracellular parameters www.ietdl.org for growth and non-growth associated maintenance and the biomass composition. Sensitivity of the biomass and ethanol yield predictions to the growth and non-growth associated maintenance parameters is shown in Fig. 1 . The glycerol yield was directly proportional to the biomass yield and is not shown. An increase in either energy requirement produced a decrease in the biomass yield and a corresponding increase in the ethanol yield. The biomass and ethanol yields were both sensitive to variations in the maintenance parameters, with a 6% difference in biomass yield and a 2% difference in ethanol yield resulting from a 10% change in growth associated maintenance. Because the mutants listed in Table 3 produced 5 -18% increases in biomass yield and 3 -6% increases in ethanol yield, small errors in the maintenance parameters have the potential to bias in silico predictions of metabolite overproduction mutants.
The constant biomass composition used in the iND750 model was determined from an anaerobic continuous culture experiment at a dilution rate of 0.1 h 21 [15] . However, aerobic continuous culture experiments have shown that biomass composition varies as a function of the dilution rate [18] . These experiments were performed at seven dilution rates between 0.022 and 0.211 h
21
, and the biomass was partitioned into six groups: proteins, carbohydrates, lipids, RNA, DNA and sulfate. We used these data to examine the sensitivity of iND750 model predictions to biomass composition variations. The precursors for biomass formation in the iND750 model were mapped to the six groups as follows: 20 amino acids to proteins; glucan, glycogen, mannan and trehalose to carbohydrates; two sterols, tryglyceride and five phospholipids to lipids; AMP, CMP, GMP and UMP to RNA; dAMP, dCMP, dGMP and dTMP to DNA; and SO 4 to sulfate. Fig. 2a shows the percentage changes in each compositional group at the seven dilution rates where the dilution rate 0.107 h 21 was defined as the nominal condition. Fig. 2b shows corresponding yield predictions for anaerobic and aerobic growth. Only the biomass yield is shown for aerobic growth since the ethanol and glycerol yields were identically zero. For anaerobic growth, the largest total percentage change was observed in the glycerol yield (16%) followed by the biomass yield (3.5%) and the ethanol yield (0.75%). These yield variations are significant compared to increases in the biomass yield (5 -18%) and ethanol yield (3 -6%) listed in Table 3 for the ethanol overproduction mutants. Our results suggest that failure to account for biomass composition variations could cause significant prediction errors at different conditions than those used to parameterise the composition equation. This conclusion is contrary to the conventional wisdom that model predictions should be relatively insensitive to realistic variations in the biomass composition [22] .
Incorporation of metabolic constraints derived from microarray data
The availability of gene expression data from high throughput microarray technology enables genome-scale analysis of metabolic regulation. A recent study [7] presented a framework for integration of gene expression data into genome-scale metabolic networks by constraining reaction fluxes exclusively associated with non-expressed genes. Statistical analysis of the microarray data was used to determine which genes were not expressed. Experimental data (EXP) was compared with two iFF708 model formulations to assess the impact of unmodelled regulatory effects: FBA with unconstrained oxygen uptake rate (FBA); and FBA with unconstrained oxygen uptake rate and gene expression constraints (FBA þ GE). Fig. 3 shows that improved FBA predictions for the exponential phase of aerobic batch growth were obtained by applying the gene expression constraints.
To further assess the impact of gene expression constraints, we considered two additional iND750 model formulations in which the oxygen uptake rate was subject to a maximum constraint: FBA with constrained oxygen uptake rate (FBA þ O 2 ); and FBA with constrained oxygen uptake rate and gene expression constraints (FBA þ O 2 þ GE). The maximum oxygen uptake rate was determined from a sensitivity analysis, with the value 0.032 mmol O 2 /mmol glucose providing the best agreement between the FBA þ GE and FBA þ O 2 predictions. Fig. 3 compares the biomass, ethanol and glycerol yields obtained from experiment and the four model formulations. Despite using different versions of the S cerevisiae genome-scale metabolic network (FBA and FBA þ GE: iFF708; FBA þ O 2 and FBA þ O 2 þ GE: iND750), the results show that predictions from the model constrained with gene expression data (FBA þ GE) can be very closely matched by the model with a fixed maximum oxygen uptake rate (FBA þ O 2 ). Inspection of the individual fluxes exclusively associated with absent genes for the FBA þ O 2 case revealed that only 4 of the 51 fluxes were non-zero, and that these non-zero fluxes had a minimal effect on phenotypic behaviour. Further constraining the metabolic network with gene expression data (FBA þ O 2 þ GE) produced only small decreases in the growth and ethanol yields and a small increase in the glycerol yield. Therefore the cellular objective of growth maximisation combined with a reasonable upper bound on oxygen uptake effectively satisfies the constraints derived from gene expression data. Because measurement of substrate uptake rates is much simpler than the collection and analysis of gene expression data, we believe that more compelling illustrations are needed to clearly demonstrate the value of gene expression data for constraining metabolic models. Figure 3 Comparison of biomass, ethanol and glycerol yields for aerobic batch culture from [7] (EXP, FBA,
The labels indicate EXP, unconstrained FBA prediction (FBA), gene expression constrained FBA prediction (FBA þ GE), oxygen uptake constrained FBA prediction (FBA þ O 2 ) and oxygen uptake and gene expression constrained FBA prediction (FBA þ O 2 þ GE)
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IET Syst. 4 Dynamic analysis of ethanol production in batch culture DFBA provides a more meaningful characterisation of ethanol production in batch culture than is possible with steady-state FBA. The ethanol productivity P is defined as the total ethanol production over the batch
where E(t f ) denotes the ethanol concentration at the final batch time t f . The productivity represents a single measure of dynamic culture performance that implicitly accounts for both the biomass yield and the ethanol yield. We utilise DFBA to analyse ethanol productivity for combined aerobic/anaerobic growth on glucose in batch culture.
Effect of model complexity
Batch culture simulations with an intermediate switch from a partially aerobic phase (50% DO) to a purely anaerobic phase were performed for the wild type and each of the ten mutants listed in Table 3 . The aerobic to anaerobic switch was approximated as being instantaneous based on the assumption that DO dynamics were much faster than the cellular dynamics. More discussion on implementation of the aerobic-anaerobic switch is available in Hjersted and Henson [12] . Fig. 4 shows the sensitivities of the predicted batch ethanol productivities computed with the iND750 intracellular model to the aerobic to anaerobic switch time.
The final batch time (t f ) was determined individually for each case as the time when the extracellular glucose concentration reached 0.1 g/L. A grouping of the gene insertion mutants, which is also observed in the steadystate analysis (Table 3) , into two distinct classes is evident with five of the eight insertions outperforming all other strategies. The Dgdh1 glt1 and gln1 mutant underperforms the wild type except at large switching times. The peak observed in each productivity curve corresponds to the optimal switching time for the corresponding cell type. The fact that this peak occurs at different times indicates that the process operating policy and the metabolic engineering strategy must be considered simultaneously to achieve optimal batch performance.
A comparison between the small-scale iGH99 model and the genome-scale iND750 model was performed to examine the effect of model complexity on batch productivity optimisation. The first generation genome-scale iFF708 model was omitted from this analysis since we were unable to reproduce steady-state predictions published elsewhere [3] . The final batch time was determined as the time when glucose was nearly exhausted (G 0:1 g/L), which simplified the optimisation problem by eliminating a decision variable. Therefore the optimisation problem involved an objective of ethanol productivity maximisation with the aerobic-anaerobic switch time as the only decision variable. The problem was solved with a direct search algorithm using the MATLAB function fminsearch, thereby verifying the optimal points in Fig. 4 . Table 5 shows the aerobic to anaerobic switch time, final batch time, and ethanol productivity increase over the wild type for each mutant implementable with the two intracellular models. Wild-type predictions were roughly similar, with the iGH99 model producing an optimal ethanol productivity 20% less than that obtained with the iND750 model. With the exception of the D gdh1 glt1 and gln1 mutant, all the metabolic engineering strategies implemented in the iND750 model were predicted to yield ethanol productivity increases over the wild type. The predicted productivity enhancements were modest due to the need for an extended aerobic growth phase, where the metabolic engineering strategies were predicted to have little or no effect on the biomass and ethanol yields [13] . The iGH99 model produced three distinct grouping of mutants with a much larger range of ethanol productivities than observed with the iND750 model. Two sets of insertion mutants (R00105/R01058 and R00365/R00112) that produced identical results with the iND750 model exhibited vastly different behaviour with the iGH99 model. Conversely, two mutants (R00105/R00365) predicted by the iGH99 model to have the same performance differed when analysed with the iND750 model. These results reinforce our previous conclusion that small-scale metabolic models are generally not suitable for analysis of metabolic engineering strategies. 
Sensitivity of DFBA predictions to biomass composition
Our steady-state analysis showed that measurable variations in the biomass composition could introduce significant errors in iND750 model predictions. We tested this conclusion for batch culture simulations by allowing the biomass composition to vary between the aerobic and anaerobic growth phases. The biomass composition for aerobic growth at D ¼ 0.2 h 21 in Fig. 2a was used for the aerobic phase, and the nominal biomass composition for anaerobic growth at D ¼ 0.1 h 21 was used for the anaerobic phase (Fig. 5a) . A biomass composition corresponding to a higher dilution rate was used for aerobic growth to be consistent with the higher growth rates observed in this phase of the batch. While not quantitatively accurate, these variations allowed the impact of non-uniform cellular composition in dynamic culture to be evaluated. The switching and final batch times were taken to be the same as the optimal values determined for the wild type with the nominal biomass composition (Table 5) . Fig. 5b compares results obtained with the uniform, nominal biomass composition to those generated when the biomass composition was instantaneously changed at the switching time of 6.94 h. Only small differences between the simulation profiles were observed for the two cases, implying that DFBA is less sensitive to biomass composition errors that FBA. Despite visual similarities between the simulation profiles, the two cases produced biomass concentrations that differed by 1.8% at the final batch time. Consequently, biomass composition variations have the potential to impact the accuracy of DFBA predictions, similar to FBA predictions. Table 5 contains iND750 model predictions of the optimal batch ethanol productivities achievable with the wild type and ten mutants. We performed additional steady-state and dynamic analysis with the iND750 model to identify other mutants with superior ethanol production performance. First all possible combinations of the eight gene insertions were enumerated and dynamically optimised for ethanol production in batch culture. The predicted performance of the best single insertion (R01866) could not be exceeded by any combination of multiple insertions. The dynamic screening was subsequently expanded to include the eight gene insertions coupled with all possible single-gene knockouts, but once again no strategy exceeding the predicted performance of the R01866 insertion was discovered.
Identification of ethanol overproduction mutants
Finally, the two combined gene deletion/gene overexpression strategies, Dgdh1 glt1 and gln1 and Dgdh1 gdh2, were individually combined with each of the eight gene insertions to create a small library of 16 mutants for screening. FBA revealed one combination mutant that had the potential to outperform the best single insertion in batch culture based on anaerobic and partially aerobic yields ( Table 6 ). The gene deletion/overexpression strategy (D) produced a large increase in the aerobic ethanol yield at the expense of the aerobic biomass yield and modest improvements in anaerobic yields, which caused inferior performance to the wild type in batch culture (Fig. 4) . By contrast the R00365 insertion (I ) produced large increases in the aerobic ethanol and biomass yields but identical www.ietdl.org anaerobic yields as the wild type, which allowed superior performance in batch culture (Fig. 4) . The combined strategy, Dgdh1 glt1 and gln1 coupled with the R00365 insertion (D þ I ), was predicted to offer one advantage compared to the single insertion (I ): a slightly increased aerobic biomass yield. The other three yields for the D þ I strategy were inferior to those of the single insertion (I ), rendering steady-state assessment of their relative performance in batch culture impossible.
Despite having lower steady-state anaerobic ethanol, anaerobic biomass and aerobic ethanol yields, the combined strategy (D þ I ) slightly outperformed the single insertion (I ) with respect to optimal batch ethanol productivity (Fig. 6) . The peak in the productivity sensitivity curve for the combined strategy corresponds to a 3.63% increase in ethanol productivity over the wild type compared to a 3.52% increase for the single insertion (see R00365 in Table 5 ). This result suggests that FBA can be an inadequate technique for identifying metabolite overproduction mutants in dynamic cell culture. Optimisation methods based on DFBA are better suited for addressing the synergistic effects of metabolic engineering and process operation that arise in batch and fed-batch fermentation.
Discussion
We used steady-state and DFBA to investigate the ethanol production capabilities of wild type and engineered S. cerevisiae. The limitations of small-scale metabolic networks was demonstrated by applying steady-state FBA to a lumped single compartment representation of glucose Sensitivity of ethanol productivity in batch culture to the aerobic to anaerobic switching for the wild type and three mutants defined in Table 6 IET Syst. [14] for evaluation of ten ethanol overproduction mutants [3] . Only four mutants could be implemented due to the lack of gene-reaction associations, and the predictions generated for these mutants were /textbfin disagreement with more detailed models. The same mutant set was used to demonstrate the value of genome-scale metabolic reconstructions with explicit genereaction associations and expansive pathway descriptions. Comparisons between two existing genome-scale models (iFF708, iND750) and a decompartmentalised version of the iND750 model (iJH732), suggested that reaction localisation and detailed charge balancing may be important for evaluating metabolic engineering strategies based on modification of the global redox balance. The second generation genome-scale iND750 model was used to evaluate the sensitivity of model predictions to uncertain intracellular parameters that are usually treated as constants in the FBA framework. Errors of 10% in the energy maintenance parameters and experimentally measured variations in the biomass composition [18] were shown to potentially bias in silico predictions for metabolite overproduction mutants. Gene expression data collected from aerobic batch culture experiments [7] were used to assess prediction improvements that resulted from further constraining the iND750 model. The FBA objective of growth maximisation combined with a reasonable upper bound on the oxygen uptake rate was shown to effectively satisfy the constraints derived from the gene expression data, raising questions about the value of such data for constraining flux model predictions.
We utilised an optimisation method based on DFBA to evaluate achievable ethanol productivities of wild type and overproduction mutants in batch culture by optimally selecting the switching time from partially aerobic to purely anaerobic growth. Parallelling the steady-state results, a dynamic flux balance model based on the small scale (iGH99) metabolic network was shown to be inadequate for screening ethanol production capabilities of the ten mutants. By contrast, use of the genome-scale iND750 network allowed an explicit ranking of mutant capabilities that could provide a theoretical basis for guiding metabolic engineering activities. A batch simulation in which the biomass composition was assumed to change instantaneously at the aerobic-anaerobic switching time suggested that unmodelled biomass composition variations could affect the prediction of phenotypic behaviour in dynamic cell culture. DFBA was used to screen a mutant library constructed by combining the ten ethanol overproduction strategies with all possible gene knockouts for ethanol productivities that exceeded the best single gene insertion mutant. A promising mutant generated by combining a single gene deletion, a single gene overexpression and a single gene insertion was shown to have an increased aerobic biomass yield but decreased aerobic biomass and anaerobic biomass/ethanol yields compared to the best single gene insertion mutant, demonstrating the limitations of FBA for screening mutant phenotypes. DFBA showed that the identified combination mutant produced a slightly higher optimal ethanol productivity in batch culture than the best single gene insertion mutant.
Computational strategies are needed to simultaneously optimise cellular design and dynamic operating policies for maximisation of metabolite production in batch and fedbatch cultures. We believe that the combination of FBA linear programming and DFBA nonlinear programming represents a powerful methodology for addressing this problem. However, the brute force approach utilised in this paper involving the explicit enumeration and evaluation of all possible cellular designs would be computationally infeasible for screening much larger mutant libraries. Therefore extensions of existing mixed-integer linear programming methods [4, 5] that account for culture dynamics are needed. Recent work on mixed-integer nonlinear programming [23, 24] has potential applications to this problem. While DFBA predictions have been compared to measured metabolite and biomass profiles [8 -10] , we are not aware of any studies in which the extensibility of wild-type dynamic flux balance models to engineered mutants has been experimentally validated. Therefore our future work will focus on developing more sophisticated DFBA optimisation strategies and experimental model validation for mutant strains.
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